We study the reproducibility of quantitative imaging features that are used to describe tumor shape, size, and texture from computed tomography (CT) scans of non-small cell lung cancer (NSCLC). CT images are dependent on various scanning factors. We focus on characterizing image features that are reproducible in the presence of variations due to patient factors and segmentation methods. Thirty-two NSCLC nonenhanced lung CT scans were obtained from the Reference Image Database to Evaluate Response data set. The tumors were segmented using both manual (radiologist expert) and ensemble (software-automated) methods. A set of features (219 threedimensional and 110 two-dimensional) was computed, and quantitative image features were statistically filtered to identify a subset of reproducible and nonredundant features. The variability in the repeated experiment was measured by the test-retest concordance correlation coefficient (CCC TreT ). The natural range in the features, normalized to variance, was measured by the dynamic range (DR). In this study, there were 29 features across segmentation methods found with CCC TreT and DR ≥ 0.9 and R 2 Bet ≥ 0.95. These reproducible features were tested for predicting radiologist prognostic score; some texture features (run-length and Laws kernels) had an area under the curve of 0.9. The representative features were tested for their prognostic capabilities using an independent NSCLC data set (59 lung adenocarcinomas), where one of the texture features, run-length gray-level nonuniformity, was statistically significant in separating the samples into survival groups (P ≤ .046).
Introduction
Lung cancer has been one of the most common forms of cancer and a leading cause of death in the United States and most of the world. Although a small percentage (about 15%) of the cases are curable when detected early, the 5-year survival rate remains low at about 16.6% [1, 2] . The disease has been very visible with the publication of the association of increased risk with tobacco usage [3] . Early detection of lung cancer through screening has resulted in adopting lung computed tomography (CT) as the standard modality for early detection of the disease. In the last decade, enormous advancements in genomics technologies have contributed to the understanding of the biology of lung cancer. Despite these advancements, the survival rate of patients with lung cancer has not changed significantly. There has been great improvement in the imaging technologies in the last decade, especially in CT that has seen increases in the number of detector rows, decreased rotation time, sophisticated radiation dosing methods, helical scanning, and better reconstruction methods. All these improvements have led to better capturing of the anatomic structure for the regions of interest (ROIs).
The tumor regions in CT images have traditionally been described qualitatively to measure size and degree of spread, organ invasion, as well as aggressiveness [4, 5] . Such features are typically described and quantified subjectively (i.e., "mildly irregular," "highly spiculated," and "moderate necrosis"). Currently, the standard method to measure tumor response to therapy using CT remains the Response Evaluation Criteria in Solid Tumors (RECIST) that is a unidirectional linear measurement to estimate tumor diameter [6] . The RECIST criteria assume a spherical tumor with linear growth uniformly in all directions. A simple linear measurement allows the practicing clinician to make an easy assessment; however, the linear growth assumption is often violated. This is reflected in high interobserver variability in finding the lesion boundary between radiologic experts due to nonuniform growth (and other anatomic structural factors), resulting in RECIST measurement variability [7] . Typically, clinical response criteria involve using RECIST linear measurements to discretely categorize patients into "complete response," "partial response," "stable disease," and "progressive disease." This categorization is a "coarse" metric, which is seen as a loose bound to categorize growth: partial response is defined by 30% linear sum reduction. Although these metrics are considered satisfactory under ideal conditions, reduction in tumor size often does not reflect clinicopathologic response [8, 9] .
The CT tumor measurement "bias" and "variance" are critical issues with widespread influence especially in clinical trials that study the effectiveness of drugs in patient treatments [10] . Hence, there is a need to identify features from CT images that can be reliably extracted and converted into quantifiable, mineable data as potential prognostic, predictive response biomarkers. However, to be useful as biomarkers, features must be reproducible, quantifiable, and objective [11] . National Cancer Institute (NCI) funded RIDER project [12] has been a tremendous resource and enabled this repeatability study.
In prior work, we have demonstrated that a semiautomated (ensemble) multiseed point segmentation can reliably generate segmented volumes, as defined by the Dice similarity index (SI). The SI between machine-segmented lesions was >0.93, whereas the SI for manual segmentation was 0.73 across a test set of 129 patients [11] . Hence, lesions in the current study were segmented by both manual and ensemble methods, and 219 3D (and 110 2D) features were extracted from these segmented volumes. Although we began with a large feature set compared to prior conventional radiologic analyses [13] , it is expected that there may be redundancy in these features due to various limitations on Figure 1 . Process flow for finding representative image features using test-retest data set and testing for prognosis using independent data set.
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the sample size, texture, and consistency in the population. Thus, to reduce the dimensionality of this agnostic feature set, we first filtered features on the basis of their reproducibility, i.e., those with the highest intrafeature concordance correlation coefficients (CCC TreT ) between the repeats. As a second filter, we used dynamic range (DR) on the basis of the interpatient variability normalized by test-retest difference. Finally, redundancy was assessed by computing an interfeature coefficient of determination (R 2 Bet ) between all possible pairs of features, and a representative feature set was found by combing dependent groups to form a reduced set. These features were then tested for their ability to predict a radiologist-created prognostic score. In an effort to create a prognostic reproducible biomarker, 59 independent non-small cell lung cancer (NSCLC) samples of adenocarcinoma subtype were curated, and 219 3D-image features were extracted. A subset of repeatable features was obtained on the basis of the current study, and these tested for prognostic ability. Figure 1 pictorially illustrates the process flow.
Materials and Methods
The CT of the thorax for 32 patients in the test/retest (baseline and follow-up) was acquired within 15 minutes of each other, using the same CT scanner and imaging protocol [13] . The patients in the study were asked to get off the scan table between the repeats. Unenhanced thoracic CT images were acquired using Light Speed (GE Medical Systems, Milwaukee, WI) or VCT scanner with 16/64 detectors Figure 2 . SI of manual to ensemble segmentation. The average SI is 79% and 78% for test and retest data sets. in 28/4 patients, respectively. The scan voltage was set at 120 kVp, pitch 1.375:1 (0.984 for VCT) with rotation time of 0.5 second, and image slices at 1.25 mm were reconstructed using a lung convolution kernel without overlap. The CT scans were acquired from patients (mean age = 62.1 years; range = 29-82 years) with NSCLC. There were 16 men (mean age = 61.8 years; range = 29-79 years) and 16 women (mean age = 62.4 years; range = 45-82 years). All patients had a primary pulmonary tumor of 1 cm or larger. The CT lung cancer images were downloaded from the Cancer Imaging Archive (http://cancerimagingarchive.net). The images are contained in "RIDER Lung CT," under the "Collections" sections.
Segmentation of Tumors
We used Definiens Developer XD© (Munich, Germany) as the image analysis platform to perform tumor segmentation and feature extraction. Definiens is based on the Cognition Network Technology [14, 15] that allows the development and execution of image analysis applications. Here, the Lung Tumor Analysis application was used [16] . Lung Tumor Analysis is a semiautomated three-dimensional "Click&Grow" approach for segmentation of tumors under the guidance of an operator. To perform the seed-based segmentation of a target lesion, the latter has to be completely within a lung-image object. In cases where a medical expert concluded that the automated preprocessing described above failed to accurately identify the border between a target lesion and the pleural wall, it was necessary to enable correction of the automated lung segmentation.
The manual segmentation process required many human interactions to get the "correct" segmentation boundaries. In our study, we used a trained radiologist to assist in the manual segmentation process. Consequently, we developed an automatic single-click ensemble segmentation (SCES) algorithm [11] . In brief, the SCES algorithm uses the initial seed point to automatically generate multiple seed points with region growing. It makes use of the "Click&Grow" algorithm by using a manually selected initial seed point to define a small circumscribed area within the tumor boundary, within which multiple seed points are automatically generated. An ensemble segmentation is obtained from the multiple regions that were grown from these multiple seed points. In this algorithm, an ensemble segmentation refers to a set of different input segmentations (multiple runs using the same segmentation technique but different initializations) that are combined to generate a "consensus" segmentation.
Once the segmentation of all target lesions was deemed sufficiently accurate, statistics for each lesion, such as volume, center of gravity, and average density, all readily available as object features within the commercial cognitive network language, were extracted. Figure 2 shows a comparison of the segmentation masks between segmentations and repeats.
In total, 64 lesions were segmented, i.e., 2 per patient, and quantitative values of image features were extracted from each segmented volume. Figure 3 shows a Bland-Altman plot of conventional size measurements (long diameter, longest diameter*short axis, and volume), estimated after manual and ensemble segmentations ( Table 1 ). The volume distribution showed a diverse population with relatively high variability in midsized to smaller sized tumors. Half the samples had small volume ≤ 4 cm 3 tumors, whereas the rest of them are larger (the largest group close to 120 cm 3 ). Figure 4 shows an example of a patient tumor delineated with manual segmentation for test/retest scans. Figure 4 . Example of slice and 3D region for a sample segmented using manual method for test and retest of the patient (top and bottom rows). The subset of slices was arbitrarily selected by increasing slice numbers (matched for test and retest) to approximately cover the entire volume.
Image features. We extracted several types of image features, both in 2D and 3D with most of our analysis directed on using 3D features. In this work, we present 3D features that are broadly divided into the following two classes: nontexture and texture features. Each of these classes can be subdivided into several categories on the basis of their functional description, which also facilitate analysis and presentation. Specifically, nontexture class includes tumor size, tumor shape, and tumor location categories, and texture class includes pixel histogram, run length, co-occurrence, Laws, and wavelet feature categories. We note that texture features have been shown to be good descriptors of the tumor and some have shown to be useful in survival prediction [17] . In this study, we have used 219 three-dimensional and 111 twodimensional image features. Most of these were implemented within the Definiens platform [18] , whereas some were computed by implementing the algorithms in C/C++ (former Bell Labs USA) and MATLAB (Mathworks, Natick, MA). All the features were obtained from the ROI (i.e., after the segmentation). The 2D features are expected to have lower variability in measurement due to limited span of the ROI; in this repeated experiment, matching slices between test/ retest has been a challenge, which adds to measurement noise. In this study, our focus has been geared toward 3D features, which provide better description of the tumor volume region. Texture descriptors provide measure of properties such as smoothness, coarseness, and regularity, as no standard description exists. Typically, the following three principal approaches are used to describe texture: statistical, structural, and spectral [18] . Our features cover all the categories and use most popular approaches for texture computation. A brief description of each feature category is provided, and additional information is provided in the Supplemental section.
Nontexture features. Tumor size, shape, and location descriptors make up our nontexture features.
Tumor size category contains features that can be broadly categorized as univariate (longest diameter, short axis, width, and other size measurements), bivariate (area, length by width, length by thickness, and other size measurements), and volume measurements both in pixel units and in native resolution (centimeters). Tumor shape category feature measures circularity of the tumor in various forms: compactness, largest elliptical fit in the tumor region, asymmetry, density, and compactness. Asymmetry is a measure of variance from round shape (disproportional length). It is computed as a ratio of smallest and largest Eigen values of the tumor. Density describes spatial distribution of the pixels with respect to cubical object. The density is higher when the volume of the object follows a cubical shape (lower when it is like a filament). Compactness measures the cuboid occupied by the object computed as a ratio of the first three Eigen values to the number of voxels in the tumor. The "MacSpic" feature measures the number of countable spiculations in the tumor. Tumor location category feature measures tumor position with respect to anatomic structure of the lung. The Attached to Pleural is a binary flag that tells if the tumor (in 3D) is attached to lung wall. The Main direction feature is a measure of the angle between the best-fit line on the centers of gravity for each 2D slice to the z-axis.
Texture features. In CT images, texture is typically attributed to gray-level changes seen by a radiologist. In other types of imaging, in addition to gray-level changes, texture is well characterized in transformed domain (kernel based or functional mapping). These features have been shown to be useful in medicine [19] . We categorized histogram, run length, co-occurrences, Laws kernel, and wavelet-based features as textures.
Pixel intensity histogram features are computed on the pixel intensity (in Hounsfield units or HU) for the region (voxel) of interest. First and higher-order statistics, entropy, and energy on the tumor volumes are reported as features.
Run-length and co-occurrence features may find some correlation to radiologist-visualized texture. The run length is defined as a measure of contiguous gray levels along a specific orientation. Fine textures tend to have short run length, whereas coarser texture will have longer run lengths with similar gray level. These features capture coarseness in 3D-image structure and have been found useful in a number of texture analyses [20, 21] . If R (k,p) is the run-length matrix n 1 by n 2 , at graylevel k, then the number of such lengths equals p, along an orientation, in the volume (x,y,z). One useful measure of run length in this study has been the measure of nonuniformity (RunL GLN ) that measures extent of smoothness or similarity in the image.
Rðk; pÞ
We compute 11 different run-length metrics, each of which has a property to capture gray-level variations in the tumor. The co-occurrence matrix contains the frequency of one gray-level intensity appearing in a specified spatial relationship with another gray-level intensity in a given range. The co-occurrence matrix is first constructed, and different formulations of the values are then calculated where measurements include contrast, energy, homogeneity, entropy, mean, and maximum probability [22] .
Laws features are constructed from a set of five one-dimensional kernels each designed to reflect a different type of structure in the image [23] . The kernel has the ability to enhance certain regions of the image. About 125 features are computed on different sets of kernel and orientation. Wavelet features are kernel-based functions that decompose the image (3D) into orthogonal components. We used Daubechies (Coiflet) wavelets in this study [24, 25] . Statistics on the decomposition have been widely used in image texture identification.
In this study, we calculate two metrics (energy and entropy) along each direction of the 3D-image volume with two levels of decomposition yielding 30 features.
Two-dimensional features. Traditionally, image processing has been carried out on 2D gray-scale images; however, most proposed features could be extended to 3D. The advantage of 2D features includes easier interpretability and visualization. In this study, the tumors were delineated in 3D using the segmentation methods described in the previous section. Slices (2D) in the ROI were matched between test/retest scans by a trained radiologist. The identification criteria were based on the anatomic structure of the lung. On a 2D slice, we extracted 110 2D features that describe the shape, size, and texture of the lesion. Additionally, 2D measurements are an estimate of the true tumor size that is Tables O1-O3 ). The slice matching between test and retest experiments adds additional variations that may not be uniform across the features, making it difficult to discern test/retest variability.
Repeatable and representative features. Finding features that are consistent in repeated experiments is a prerequisite step, which is followed by a redundancy reduction step to obtain an informative set. We tested the consistency between the test and retest experiments. For each image feature, the CCC TreT was computed to quantify reproducibility between two scans performed on each patient. The CCC TreT measures deviation from the 45°line, which is appropriate for repeated experiments and shown to be superior to the Pearson correlation coefficient [26] . On this set of highly reproducible features, the next step was to select the features with a large interpatient variability, using the "dynamic range" metric. The normalized DR for a feature was defined as the inverse of the average difference between measurements to the observed biologic (interpatient) range:
where i refers to an individual sample from the n patient cases; the maximum and minimum are computed on the entire sample set. The DR runs from 0 to 1. Values close to 1 are preferred and imply that the feature has a large biologic range relative to reproducibility. Increasing variation between the test-retest repeats will lead to a reduction in the DR value. Screening for a large DR will eliminate features that show greater variability in the repeat scans compared to the range of the coverage. The last step is to eliminate redundancies, on the basis of the calculation of dependencies within the group. We computed the R 2 Bet between the remaining features to quantify the dependency. The R 2 has a range of 0 to 1 and is a ratio of known variance measured by linear model to total variance between two variables, where one is the outcome and the other is used to form the predictor. Values close to 1 would mean that the data points are close to the fitted line (i.e., closer to dependency) [24, 25] . The R 2 of simple regression is equal to the square of the Pearson correlation coefficient [27, 28] . The features were grouped on the basis of the R 2 Bet between them; in this subset, one representative that had the highest DR was picked. The procedure was repeated recursively to cover all the features, resulting in a most representative group. This was carried out in two ways: done independently for each category and across categories.
We implemented different cutoff values for R Table 4C ). The feature value was averaged over different segmentations (manual and ensemble) and repeats (test and retest). The features were standardized to 0 to 1. The clustering was arbitrarily stopped at seven and four groups on feature and sample axes, respectively. The F No. indicates feature position in the overall set of 219 3D features. range ≥0.75 to ≥0.99 were found. This was repeated for different segmentation methods (manual, ensemble, and common between).
Prognostic Scoring and Independent Data Set
The RIDER test/retest data are a unique set that enables us to measure the effect of scanner and patient variability on the extracted features. Due to the unavailability of clinical information, we have created a physician (radiologist)-based prognostic risk score. Putting the samples into prognostic groups enables us to study the ability of image features to predict prognosis under typical scan variations. We used a trained radiologist to categorize the test/retest data set using five conventional observations for prognosis to score the tumor on a point scale. It has been reported that tumor size, differentiation, vascular invasion, and margin status (negative versus positive or close margins) have all been shown to have prognostic value [29] [30] [31] . We used five observable features-lobulated margin, size of the tumor lesion, spiculated margin, plueral wall attachment, and texture (e.g., ground-glass opacity)-as factors to scale the tumor into high-risk to moderate-risk individuals. The observations were given a score of 1 to 5. The five values were summed, averaged, and standardized to a scale of 0 to 1 to obtain a prognostic score. A normalized prognostic score over the median value was considered high risk (or poor prognosis), whereas the score lower than the median value is considered to be moderate risk (or better prognosis) as first proposed in [32] . Two samples could not be scored reliably using the point-scale metric due to diffused lesions, and one sample was partly scored due to an obscured margin. In total, three samples were eliminated from the scoring. The two created categories were then used to find discriminatory markers between the poor to better prognosis groups. Table W6 shows the score for individual samples.
Independent data set. Non-small cell lung tumor samples were collected in an Institutional Review Board (IRB)-approved study; of the 81 lung adenocarcinoma samples, 22 had mixed histology. In this study, prognostic testing was confined to adenocarcinoma group (59 samples; median split) and late-stage adenocarcinoma versus early-stage (TNM ≥ 3A vs TNM ≤ 1B; 15 vs 35 samples). These patients had a CT scan before surgical resection. The tumor sample was analyzed by a board-certified pathologist. The clinical and vital statistics were obtained from the Moffitt Cancer registry (Tampa, FL). The vital statistics are typically updated on a yearly basis. Table 2 shows broad histology information for the data.
Results
As described in the Materials and Methods section, the CT data were segmented in two ways: ensemble (E) with a single human interaction; and manually (M), with multiple human decisions on the tumor boundaries. In the obtained ROIs, 219 3D (and 110 2D) features (see Supporting Analysis section, Table O1 ) were extracted and quantified; a comprehensive list is shown in Tables W7 and W8 . We computed the variability bound (95% confidence limits) using the concordance correlation confidence for three conventional features (see Table 1 ), using both manual and ensemble segmentations. A strong confidence bound was obtained for both segmentations for these size measurements, also observed by previous authors [13] . Figure 3 shows the Bland-Altman difference distribution plots between test and retest for the three measures (longest diameter, longest diameter*short axis, and volume). As the tumor size increased, the difference between test and retest was reduced in most cases. Figure 4 shows a sample CT image with a segmentation boundary for test and retest cases. The segmentation methods defined the tumor boundaries and hence influenced the extracted features (most directly size and shape). The SI was computed between manual and ensemble boundaries in the test and retest experiment (see Figure 2) . SI is the ratio of common volume to union of the two, which measures extent of similarity between methods. The average SI between manual and ensemble delineation in test (retest) was 79% (78.9%) with an SD of 21% (22%), respectively. The SCES had difficulty delineating tumors that were attached to the pleural wall where the boundary definition was heuristic. In these challenging cases, the boundary found by the methods was based on semioptimal pixel valley, which may disagree with the expert. There are also cases with groundglass opacity and concave-type tumors for which it was difficult to find accurate boundaries with automated methods. Numerous studies have compared boundaries created by different radiologists. In Meyer et al. [33] , an estimated volume difference was more than 31% for pulmonary nodules. In large isolated and solid tumor lesions, segmentation is fairly easy, but issues remain in finding boundaries for attached and diffuse tumors.
Concordance in Repeated Experiment
The 219 extracted features (3D and 110 2D) were first compared in a test/retest experiment using the CCC TreT , which is a stringent measure of reproducibility. A CCC TreT value ≥ 0.75 indicates that the data are of acceptable reproducibility. At a second level of analysis, the DR was computed as described in Materials and Methods section, and this metric will identify those features with the largest biologic range relative to their reproducibility. For our data set, we examined various cutoffs and, with stringent limits, there were 72 (manual, M) and 106 (ensemble, E) 3D features that had a CCC TreT ≥ 0.90 and DR ≥ 0.90. Of these, 48 (∼22%) of the features were common between segmentations (in total of 219 features; see Table 3A ). In the 2D set, 51 (manual, M) and 28 (ensemble, E) features had a CCC TreT ≥ 0.90 and DR ≥ 0.90. Of these, 17 (15.3%) of the features were common between the segmentations. Details are reported in Supporting Analysis section, Tables O2 and O3 . It was interesting to note that some of the texture features (wavelet and Laws kernel) were not repeated in the ensemble segmentation. This was attributed to feature outliers due to segmentation boundary differences, which resulted in adding different regions in test/retest. When the outlier samples were removed (in the samples with wavelet layer 1 energy > 20%), there was an 8% increase in the number of ensemble features (see Table 3B ). These concordance and DR filtering procedures will result in obtaining a set of features that are reproducible with a large range compared to the variability between the test and retest experiments. However, these resulting features may have interdependencies. Therefore, we used the R 2 Bet between the features to quantify the levels of similarity. In this approach, if a feature of interest is linearly predicted by any other feature in the filtered feature set, the two were grouped together, repeated to cover all pairs. In the group of interdependent features, the one having the largest DR was chosen as the representative feature for the group, and the rest were removed. The procedure was repeated to cover the entire subset to form the reduced set. The cutoff level to reduce features based on linear dependency is critical and is subject to change with the sample size and the tumor shape and texture. This redundancy reduction can be carried out categorywise or by combining the categories; both were attempted. Finding reproducible features categorywise with redundancy reduction will help us form an informative feature set that will translate to a similar range of tumors. We performed the filtering at a few different levels: at R 2 Bet ≥ 0.95, there were 29 common features between segmentation methods for CCC TreT and DR ≥ 0.90. After removing the category bounds, there were 23 common features. Figure 5 shows the ordered distribution plot for the DRs along with the distribution of concordance coefficients. The features' concordance and DR criteria were computed for manual and automatic segmentation independently, and the common features were obtained later. We tested interdependency by computing the R 2 Bet between the image features in each of the filtered sets and followed -length GLN) , whereas the samples in B had a poor radiologist prognostic score (larger average run-length GLN).
the described procedure to find a representative feature for a group of highly dependent features (see Discussion section). Table 4 shows feature details, whereas Table W3 provides features with categorywise reduction. When category boundaries were removed, more feature reduction was observed. Table 4 , A and C, and Table W5 show feature details without category restrictions. Figure 6 shows a clusterogram heat map of representative features that are common between segmentations. The feature value was averaged in the test/retest experiment and across segmentations (manual and ensemble). The concordance and DR was set at: CCC TreT and DR ≥ 0.90. The representative features were outlined for both types of segmentations with feature reduction cutoff of R 2 Bet ≥ 0.95.
Discrimination Ability of Radiologic Prognostic Score
The subset of features with a high DR that were reproducible and nonredundant was subsequently used to test the discrimination ability of a radiologist-determined prognostic score. Each observation in manual/ensemble test/retest was considered an independent measurement, and the optimal threshold for each was computed by linear discriminant analysis. Using the radiologic score as observed truth, the discriminator's performance was tested by computing sensitivity, specificity, and area under the receiver operating characteristic (ROC) curve for each of the image features. Table 5 lists the values for each feature, and Figure 7 shows conventional shape-based (volume) feature compared to texture features (run length and Laws kernel). The ROC curve for the discrimination is presented in Figure W1 . Figure 8 shows the sample tumors in the test-retest data set with different values of run-length feature (average run-length nonuniformity or GLN) for the better and poorer prognostic groups. This feature measured the distribution of the similarity of gray-level pattern, which can be considered measure of heterogeneity in the gray levels. It was interesting to note that run-length long run emphasis and run-length nonuniformity (GLN) follow similar trends (but at different scales). Testing the features on the radiologist prognostic scores allowed us to test the ability of features to predict expert observations in the presence of repeatable noise.
Prognostic Ability on Independent Data
The 219 3D-image features were extracted on 59 adenocarcinomas from selected Moffitt patients accrued before 2010, with survival refreshed. The feature set was filtered to select reproducible representative features across segmentations (CCC TreT and DR ≥ 0.90), and these were then tested for prognostic potential in patient data. The data set was dichotomized at the median value of the image feature. The survival function was estimated by the Kaplan-Meier approach, and statistical significance was computed using the log-rank test. Table 6 lists the P value for the representative features tested using the adenocarcinoma samples. The texture feature average run-length nonuniformity (GLN) shows statistical significance (P = .046). Figure 9 shows the survival plot and sample tumors for the two factions. A large value of run-length GLN indicates a more homogeneous tumor, and this was related to a longer survival, whereas low values of run-length GLN indicate more heterogeneity, and this was related to shorter survival. Notably, this texture feature had better prognostic potential compared to the more conventional measurements of shape and size; including longest diameter, longest diameter*short axis, and volume.
Discussion
The reproducibility of radiographical features obtained from CT scans of lung cancer was investigated to establish potential quantitative imaging biomarkers. Most of the features showed high reproducibility using an automated image analysis program with segmentation done by a single reader. A key component of our work is application of an ensemble (semiautomatic) segmentation process so that minimal operator input and manual editing were required. Prior work has demonstrated three conventional univariate, bivariate, and volumetric (RECIST and World Health Organization or WHO defined criteria) measures to infer concordance consistency for automatically segmented lung lesions, which seem to be limited in describing the complex nature of the tumor [13] . In the current study, our focus has been to describe the tumor with many features using the following different categories: size (volume, diameter, and border length), shape (shape index, compactness, and asymmetry), boundary region (border length and spiculation), relation to the lung field, image intensity-based features (mean, SD, average air space, deviation of airspace, energy, entropy, skewness, and other features), and transformed texture descriptors (wavelet transform: entropy, energy, and Laws features). For this new set of features, consistency in the repeat scans (test, retest) was tested and filtered for independent features to yield an image feature set to better predict prognosis.
In a parallel study, we demonstrated that a semiautomated (ensemble) multiseed point segmentation can reliably generate segmented volumes, as defined by the SI. The SI between machine-segmented lesions was >0.93, whereas the SI for manual segmentation was 0.73 across a test set of 129 patients [11] .
One requirement for a feature to be qualified as a response biomarker is that the change in an image's feature between pretherapy and posttherapy scans must be significantly greater than the difference observed in test-retest study (also referred to as "coffee break") measurements. In the present study, we can estimate the change of individual features posttherapy against the entire pretherapy biologic range.
The ratio of the range to the interscan variability is a measure of "dynamic range," as shown in Figure 5 ( first panel ). Features showing high DR were considered potentially more informative. Figure 5 (second panel ) also shows the distribution of concordance coefficients between test and retest, which is skewed toward higher end values as one would expect showing high concordance between the test and retest cases. There is also a larger peak toward zero values in both manual and ensemble segmentation. Investigating the peaks shows that some of the Laws and higher level wavelet features show low concordance between test and retest repeats. It is hypothesized that reimaging the patients resulted in some change in texture. These Laws features compute energy after filtering in a region. Small changes in subregional textures would make these features vary as they capture small localized changes. A similar analogy could be made for wavelet features for higher layer decompositions (or higher layers), where discordance can be seen. In prior work, Segal et al. has used a correlation coefficient cutoff of 0.9 to distinguish highly correlated features [34] . Feature reduction to combine features that convey similar information has been widely investigated; different metrics that have been used in the past are the correlation coefficient and regression methods [35] [36] [37] . In our study, we found a representative feature set that will eliminate redundancy in terms of information content, as complete independence may not be as relevant for our study as texture information is subjective (sample issues, scanner settings, protocol followed, etc.). We used the R 2 Bet between features to quantify dependency. Features were grouped on the basis of R 2 Bet between them; in this subset, one representative that had the highest DR was picked. The procedure was repeated recursively to cover all the features, resulting in a most representative group both with and without the category labels. The test, retest values were averaged before computing R Bet , a relatively smaller number of features will be indicated as dependent set, resulting in a larger representative group. Setting the R 2 Bet to a lower limit will group more number of features into a dependent set, resulting in a smaller representative feature set. The combination of reproducible, informative, and independent sets of features is critical to obtain a feature set that may be a good candidate for imaging biomarkers.
Looking closely at the features, the ensemble segmentation has more independent features than manual segmentation with the highest R 2 Bet settings. Less than half the features in the manual segmentation appear in the ensemble list. The texture features (wavelet and Laws) show a less than expected concordance in the ensemble segmentation. The difference could be attributed to suboptimal segmentation in tumors with ill-defined boundaries. It is known that the manual methods involve more operator inputs that could include areas around the tumor, creating more visually smooth regions, whereas the ensemble method looks at connected regions with spurious local minima being a stopping condition, which may result in some differences in repeated segmentation. This situation is mitigated by generating multiple seed points (more than 21 seed points spread in eight directions) in an SCES method.
The image features are expected to capture different aspects of morphology and texture information. Due to the consistency in samples chosen, a limited sample population the image features computed may show a higher level of dependency, which was also observed in Figure 6 , which could be attributed to a greater reduction in the final feature set.
Prognosis
The radiologic prognostic score provides us a method to capture expert opinion in a quantifiable fashion. This type of scoring scheme has been used in the past [38, 39] , but in our work, we use it as a metric to group the samples into risk populations. This allows us to develop predictive schemes and quantify the ability of image markers to match the opinion of a conventional radiologist (see Table 4 and Figures 7 and 8) . The true prognostic ability has been conventionally tested using survival plots [40] that provided a quantifiable measure of survival differences between groups in the population. We used the reproducible features to test their true prognostic ability in an independent NSCLC set. Each of the representative features across segmentation methods was used to dichotomize the population and the survival groups (or factions) tested for significance (see Table 6 and Figure 9 ). A texture feature (run-length GLN) that tracks consistency of gray-scale values shows a prognostic significance in adenocarcinoma. Dividing the sample into higher grade (TNM ≥ 3A vs ≤1B) did not help to improve significance. This could be attributed to small sample size for the secondary test.
Conclusions
In the current study, we demonstrated that many CT features of primary lung cancer are repeatable in a controlled test-retest scan and independent of segmentation methods (manual and semiautomatic). Across all patients, the biologic ranges for several individual features were highly variable. Combining interscan variance, segmentation differences, biologic range, and covariance, we have reduced the total number of features from 219 (3D features) to a most informative set of 48 features (in both ensemble and manual) at CCC TreT and DR ≥ 0.90. Of these, 29 features are representative features (R 2 Bet ≥ 0.95), with stringent cutoffs. These repeatable features predicted a conventional radiologist prognostic score with area under the curve of 0.9. The sensitivity and specificity could be improved using a multivariate approach. The true prognosis was tested using an independent NSCLC set (59 samples of adenocarcinoma) with mixed stages, where a repeatable and representative texture feature (run-length GLN) showed significance. The current findings will allow selection of reproducible, informative/independent, and prognostic features as the candidate imaging biomarkers to predict or assess therapy response.
